Identifying ecological variables that explain significant variation in the stock of carbon is indeed one way of sustaining its concentration in the soil. The stepwise multiple regression model was employed to identify ecological variables that explained significant variation of carbon in fallow soils. Using fallow genealogical cycles of 1 st , 2 nd , 3 rd , 4 th and 5 th generations, soil and vegetation variables from 30 sampling plots were collected and subjected to linear regression analysis. The analysis generated three predictive models. The first and second models significantly (p<0.01) explained 78% (R 2 = 0.78) and 87% (R 2 = 0.87) of the variability in soil organic carbon (SOC), while the third (full) model significantly (p<0.01) explained 89% in the variability of carbon stock (R 2 = 0.89) with vegetation cover, available phosphorus and total nitrogen being the most significant predictor variables. The full model was upheld because it identified three significant ecological variables that explained increased variability in the stock of SOC. The study suggested that management of the ecological variables identified in the full model which indeed were associated with the abundance of woody and herbaceous vegetation would not only increase the stock of SOC in the soil, but reduced its concentration in the atmosphere. For this to be feasible mostly in the present changing climate, healthy forest and land management practices, such as the creation of vegetal buffer zones around farmlands, zero-tillage practice, mulching, retaining of forest slash and crop residues, fertilizer application, elongation of fallow periods, and tree planting initiatives in degraded ecosystems were encouraged.
Introduction
It is globally recognized that forest vegetation and soils are principal reservoirs of carbon, as they help to reduce the atmospheric consequences of carbon dioxide (CO 2 ) concentration which results in global temperature rise. As a result of their high organic matter status, forest soils are one of the major sequesters of carbon on earth (Dixon et al., 1994) . According to Watson et al., (2000) , carbon sequestration is the removal of CO 2 from the atmosphere (source) into green plants (sink) where it can be stored indefinitely. These sinks can either be above ground biomass (trees) or living biomass below the ground in soil (roots and micro organisms) or in the deeper sub-surface environments. Sequestration, which is relatively a new term, is therefore the storage of all forms of carbon, including storage in terrestrial, geological and aquatic ecosystem (Jina et al., 2008) .
Carbon sequestration helps to enhance the storage ability of all potential sinks especially forest ecosystems (soil and vegetation) as well as expand the number and type of sinks in which carbon storage is possible. The practice of understanding and enhancing the natural processes that remove CO 2 from the atmosphere is believed to be one of the most useful methods of mitigating the atmospheric effects of CO 2 concentration. Depending on the changes in the level of soil organic matter, soils can act as sinks of carbon concentration in the atmosphere, thereby increasing the concentration of carbon in the soil (Dey, 2005) . Therefore, soils according to Lal, (2005) are the largest carbon reservoir of the terrestrial carbon cycle, this is because about three times more carbon is contained in soils than in the world's vegetation; in addition, soils hold double the amount of carbon that is present in the atmosphere (Sheikh et al. 2009 ). On this regards, Batjes (1999) noted that worldwide, the first 30 cm of soil holds 1500 petagrams of carbon (Pg carbon).
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More so, Lal (2005) reported that forest ecosystems covering about 4.1 billion hectares globally are a major reserve of terrestrial carbon stock. This is because forest vegetation and soil contain about 1240 Pg of carbon (C), and the C stock varies widely among latitudes. However, the concentration of C in the soil is depleted when vegetation is destroyed through natural (wind, drought, insects and diseases) and numerous anthropogenic activities (logging, fuelwood gathering, deforestation, land preparation for agricultural production, afforestation, plantation management) (Elliot, 2003; Thornley and Cannel, 2000) . Elliot (2003) noted that natural disturbance such as fire results in tremendous change in canopy cover, thereby making the area affected susceptible to soil erosion; this affects soil organic carbon (SOC) stock of the surface layer. In addition, severe natural disturbance decreases C stock as it is characterized by changes in soil moisture and temperature regimes, and succession of forest species with differences in quantity and quality of biomass returned to the soil. Nevertheless, management systems that maintain a continuous canopy cover and mimic regular natural forest disturbance according to Thornley and Cannell (2000) are likely to achieve the best combination of high wood yield and C storage. In the same way, Hoover, (2003) noted that harvesting and site preparation, soil drainage and planting of adapted species with high NPP and more below-ground biomass production, fertilization and liming are some of the management activities that may impact the SOC stock.
Thus, understanding the factors that affect the stocks of carbon in the soil is one of the most important short-term sinks for atmospheric carbon dioxide (CO 2 ) fluxes on earth, and an avenue to increase the amount of carbon in the soil. Though, C exists as an inseparable component of vegetation, litter and soil organic matter, and it is primarily lost as an invisible gas (Woomer, 2006) . Carbon therefore looks intangible for approximation, yet its concentration can be measured through the identification of vegetation and soil variables (Chave et al., 2005) . This perhaps according to Attua (2009) can be obtained through direct field-plot assessment of biomass either through destructive or non-destructive sampling; this approach is believed by scholars to be the most accurate because it is based on direct field sampling. A variety of factors has been identified in the literature to affect the stock or proportion of soil organic carbon (SOC); these include climate, precipitation and temperature (Post et al., 1982; Lal, 2005) , soil and landscape such as cation exchange capacity, total nitrogen, clay, available phosphorus (Chandler, 1939; Wilcox et al., 2002; Attua, 2009) , topography and aspect such as slope angles and elevation (Prichard et al., 2000) , anthropogenic and natural forces (Larionova et al., 2002; Lal, 2005) as well as vegetation characteristics like DBH, tree height, leaf area index, stem density/volume and aboveground biomass (Lal, 2005; Attua, 2009; Woomer, 2006) . However, available studies on SOC tend to focus more attention on the estimation of carbon stocks in forest ecosystems using allometric regression models (Hairiah et al., 2001; Lu et al., 2002; Lal, 2005; Chave et al., 2005; Woomer, 2006; Chaidez, 2009 ), many others focused on the effect of anthropogenic activities (notably deforestation, logging and land conversion) on carbon stocks (Henry et al. 2009; Bryan et al, 2010) , but only few documented studies (Losi et al., 2003; Meersmans et al., 2008; Attua, 2009 ) exist on identifying factors that are likely to influence the stock of SOC using multiple regression model.
The need to study factors influencing the stock of SOC has been acknowledged by scholars, for instance, Lal (2005) posits that understanding the mechanisms and factors of SOC dynamics in forest soils is important to identifying and enhancing natural sinks for C sequestration to mitigate the climate change challenges. In this study, the effects of a set of predictor variables (stem density, vegetation cover, aboveground biomass, soil moisture content, total nitrogen, cation exchange capacity and Av. P) on the stock of SOC (criterion variable) is investigated using stepwise multiple regression analysis. The essence however, is to identify main soil and vegetation variables that significantly influence the stock of SOC in order to suggest ways of maintaining the identified factors through sustainable agricultural and land management practices.
Materials and Methods

Study Area
The study was carried out in Oban Group Forest in Akamkpa Local Government Area, Cross River State. Geographically, the area lies between longitude 8 0 060' and 8 0 50'E and latitude 5 0 00' and 5 0 57'N. The climate is characterized by a double maxima rainfall beginning in the month of March to August, then August to October, reaching its peak in the month of July and September. The annual rainfall is about 2000-3000mm with average temperature of about 27 0 C, while relative humidity is about 80%. The area is characterized by luxuriant evergreen forest vegetation with few patches of secondary forest which constitute the fallows. The rainforest consists of broad leaves species, amounting to 60-100 species per sq km (Offiong, 2005) . Many trees grow to the height of 30m -60m tall. A larger number of trees have large buttresses, smooth balks, columnar holes and thick woody climbers. Several species of birds, mammals, reptiles and insects are found in the area. The soils of the area are mainly loamy-sand and clay-loam (Offiong, 2005) . The terrain is undulating with flood plains around the Ikpan River.
Sampling procedure and analysis
Systematic sampling method (line transect) was employed to collect soil and vegetation data by establishing plots across different generations of fallows. All plots were located on well-drained soils of gentle topography not exceeding 3 degrees. The areas of sampling have similar climate and parent material being granitic rock. The fallows comprised 1 st generation, 2 nd generation, 3 rd generation, 4 th generation and 5 th generation. In this regard, 1 st generation fallow refers to a piece of land that has been cultivated once in the past 70 years; 2 nd generation fallow is a piece of land that is cultivated twice in the past 70 years and so on. In each generation of fallow, two line transects of 120m were established with interval of 5m inbetween, out of which 12 plots of 20m x 20m were laid. Out of the 12 plots, 6 were randomly selected. In all, 30 plots were selected. In each plot, all woody stems ≥0.15m diameter at breast height (DBH) were identified, measured and counted regardless of tree or shrub species (Hall and Okali, 1979) . The vegetation data determined include stem density, vegetation cover and aboveground biomass.
Data on vegetation cover was obtained using the line-intercept method (Jennings et al., 1999; Coulloudon et al., 1999) , while data on tree girth was taken at 1.30m DBH from the ground (Hall and Okali, 1979) . In addition, aboveground biomass was estimated using the allometric formula given by FAO (1989) D) ; where y = aboveground biomass in kilogrammes; exp = 2.71828 and D is the measured tree girth in metres. In the same way, thirty (30) soil samples were collected using a soil auger at rooting depth of 30cm. The soils were stored in zip-loc bags and placed in a cooler to keep the samples at a moderate temperature. They were then taken to the laboratory for analysis. Organic carbon was determined by the Walkley-Black method (1943); total nitrogen by the Kjeldahl method (Bremner and Mulvaney, 1982) , while available phosphorus was determined by the method of Bray and Kurtz (1945) . The soils were leached with 1M neutral ammonium acetate to obtain leachates used to determine soil cation exchange capacity, while soil moisture content was determined using the gravimetric method.
Data analysis
Data obtained were analysed using stepwise multiple regression analysis with the aid of SPSS 17.0 software package. In searching for a statistical explanation of carbon stock in fallow soil, a correlation matrix (Pearson's correlation) was first applied to the datasets; this is required (Bryman & Cramer, 1997; Kinnear and Gray, 1999) when sorting out suitable predictor variables for regression analysis as well as finding intercorrelated variables to be considered in the analysis. However, modeling was done using the stepwise method of regression analysis; this approach according to Attua (2009) is useful when trying to find the best subset of predictors.
Results and Discussion
The descriptive statistics of variables used as predictor variables of SOC across the generation of fallows are shown in table 1. The zero-order correlation matrix in table 2 shows the Pearson's correlations between SOC and the predictor variables with significant p-values of 0.01 and 0.05. It shows that TN and SMC had high positive correlations with SOC, while SMC had a high negative correlation with SOC. In addition, Av. P had a low positive and significant relationship with SOC. Thus, high positive correlation (0.80) was found between SOC and predictor variables TN and VC, while high negative correlation (0.84) existed between SOC and SMC. The lowest positive and significant correlation was found between SOC and variables Av. P, SD and AGB of 0.39, 0.42 and 0.63 respectively. A cursory look at the table further reveals that CEC had very low and negative associations with SOC and other predictor variables (table 2), as such was eliminated from the model.
The result of step-wise multiple regression analysis of the joint contribution (R 2 ) of predictor variables on the stock of SOC is shown in table 3. The result shows that out of the 6 predictor variables (TN, SMC, Av. P, VC, SD and ABG) simultaneously entered into the model, only 3 (TN, Av. P and VC) were significant in influencing the proportion of SOC. As such, three models explaining the stock of SOC were established. In the first model, vegetation cover (VC) was retained and significantly (p<0.01) contributed 78% to the stock of SOC (table 3) . This is obvious as VC helps to reduce raindrop intensity and minimizes the loss of soil nutrient through runoff (Aweto & Dikinya, 2003; Iwara, 2008) . In addition, VC helps in SOC enrichment through the accumulation of biomass which in situ decomposes to form nutrient (Ross et al., 2002 ). The second model shows that vegetation cover (VC) and available phosphorus (Av. P) were retained and they significantly (p<0.01) contributed 87% to the content of SOC (table 3). Av. P is an essential nutrient for plant growth, and is a primary fertilizer element; this element in the soil may have been enhanced due to the reduced frequency of disturbance (food crop cultivation), which probably results in the abundance of woody and herbaceous vegetation with high litter input.
In the third model, with the introduction of total nitrogen (TN), the stock of SOC in the soil significantly increased to 89%. Indeed, the inclusion of TN in the model improved the accuracy of predicting SOC in the first and second models by 11% and 2% respectively. Total nitrogen is observed to improve soil quality which in the long-run encourages plant growth. The increase in plant growth results also in the amount of biomass (above-and below-ground) returned to the soil, which increases the stock of SOC (Ross et al., 2002) . Thus, a significant portion of variability in SOC was explained by VC, Av. P and. TN (table 3) . In a similar study, Attua (2009) found 95% of the variability in SOC to be explained by CEC, TN and LA. This therefore reveals that the stock of SOC is determined by natural or anthropogenic (land management practices) factors. A further look at table 3 reveals that the residual error reduced greatly by 0.463 and 0.112 from the first to the third model probably because of the inclusion of Av. P and TN. The decreased in trend of residual error was also observed by Attua (2009) . The results therefore indicate that the third model was most significant in predicting SOC, because it explained 89% variability in SOC (R 2 = 0.89). This means that the presence in large quantities of these variables (VC, Av. P and TN) will go a long-way in improving the stock of carbon in the soil. However, management of the variables identified in the full model (third) which perhaps are inextricable to the abundance of woody and herbaceous vegetation will not only increase the stock of SOC, but reduce its concentration in the atmosphere. This according to Aweto (1976 Aweto ( : 1981 is because the rapid buildup of SOC and nutrients depends on the availability of woody perennials which produce a lot of litter and protect the soil against nutrient losses through leaching and rapid decomposition of litter.
Conclusion/Recommendations
The study reveals that vegetation cover, available phosphorus and total nitrogen explain significant portion in the variability of carbon in the soil. SOC is an essential component of the earth's ecosystem due to its importance in maintaining life-balance, as such, it stock in the soil needs to be sustained and enhanced. However, in order to sustain the amount of carbon in the soil, the identified ecological factors should be enhanced through the application of good forest and land management practices, such as creation of vegetal buffer zones around farmlands, zero-tillage practice, mulching, retaining of forest slash and crop residues, fertilizer application, elongation of fallow periods, and tree planting initiatives in degraded areas among others. Through these healthy practices, forest vegetation can be maintained; thereby increasing the C stock of forest soil by reducing direct loss to the atmosphere. An increase in the stock of SOC will positively impact on nutrient availability, improve soil structure (by holding soil particles together thereby improving water holding capacity, root growth, water infiltration), as well as act as a buffer for toxic substances (SOC lessen the effect of heavy metal by acting as a buffer). 1.10 SOC = soil organic carbon; TN = total nitrogen; CEC = cation exchange capacity; SMC = soil moisture content; Av. P = available phosphorus, VC = vegetation cover; SD = stem density; AGB = aboveground biomass 
